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Extravascular extracellular space (ve) is a key parameter to characterize the tissue of cerebral

tumors. This study introduces an artificial neural network (ANN) as a fast, direct, and accurate

estimator of ve from a time trace of the longitudinal relaxation rate, ΔR1 (R1 = 1/T1), in DCE‐

MRI studies. Using the extended Tofts equation, a set of ΔR1 profiles was simulated in the

presence of eight different signal to noise ratios. A set of gain‐ and noise‐insensitive features

was generated from the simulated ΔR1 profiles and used as the ANN training set. A K‐fold

cross‐validation method was employed for training, testing, and optimization of the ANN. The

performance of the optimal ANN (12:6:1, 12 features as input vector, six neurons in hidden layer,

and one output) in estimating ve at a resolution of 10% (error of ±5%) was 82%. The ANN was

applied on DCE‐MRI data of 26 glioblastoma patients to estimate ve in tumor regions. Its results

were compared with the maximum likelihood estimation (MLE) of ve. The two techniques showed

a strong agreement (r = 0.82, p < 0.0001). Results implied that the perfected ANN was less

sensitive to noise and outperformed the MLE method in estimation of ve.
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1 | INTRODUCTION

Extravascular extracellular space (EES) is an important parameter in

tumor studies; it can characterize tumor proliferative activity and

aggressiveness, and can also provide valuable information about

the tumor microenvironment.1–6 It has been reported that there is

a significant correlation between EES estimated from dynamic con-

trast‐enhanced MR (DCE‐MR) studies, mitotic activity,3 glioblastoma

(GBM) cellularity,2 and/or histological grade of gliomas.4,5 It has been

also shown that EES (ve) is a reliable radiological parameter for

detecting early treatment effects in GBM tumors.7 Therefore,
NN, artificial neural network;

n; CA, contrast agent; CCF,
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characterizing GBMs, which are among the most aggressive and

deadly tumors, using such measures as interstitial volume fraction

may be a significant help in planning and evaluating of treatment

for GBM patients.

DCE‐MRI is a noninvasive imaging technique that, when combined

with pharmacokinetic (PK) modeling, has a wide application in quanti-

fying vascular permeability in tumors.8,9 The extended Tofts equation,

also known as the standard model,10 has been successfully recruited to

characterize tumor physiology, and to estimate its PK parame-

ters.2,3,8,11 The Tofts equation posits a two‐compartment model,

where the two compartments are the vascular and EES. It is assumed

that the tracer flux from the vascular compartment into the EES is pro-

portional to the gradient of contrast agent (CA) concentration between

the two compartments10,11:

Ct tð Þ ¼ Ktrans∫
t
0e

−kep t−τð ÞCp τð Þdτþ vpCp tð Þ (1)

In this equation, Cp(t) and Ct(t) refer to the plasma and tissue CA

concentrations, respectively. Ktrans and kep are the forward volumetric
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FIGURE 1 An averaged population AIF used in this study

TABLE 1 Variation of PK parameters for generating Model 1, 2, and 3
profiles

vp (%) Ktrans (min−1) ve (%)

Model 1 0.5–9.5 — —

Model 2 0.5–9.5 0.01–0.76 —

Model 3 0.5–9.5 0.01–0.51 1.36–69.7
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transfer constant and reverse transfer constant, respectively, with the

forward direction being from the vascular to EES compartment; vp is

the fractional volume of the CA concentration in plasma.10 The volume

of the EES per unit volume of tissue (ve) is derived via the relationship

ve = Ktrans/kep.
10

In DCE‐MR analysis, before characterization of underlying tissue, a

critical step is selecting a correct PK model for each voxel.12 It has

been shown11,12 that a data‐driven optimization of the information

available in DCE‐MRI data by selecting three physiologically nested

models (Model 1, evidence of CA filling with no leakage; Model 2, leak-

age of CA with no back flux; Model 3, CA leakage with back flux) yields

a robust estimation of PK parameters. We refer to this as a model

selection approach. In clinical practice, a fast and accurate estimator

is useful in estimating the PK parameters of the Tofts equation. In a

recent study, an optimization technique using a maximum likelihood

(ML) algorithm has been developed for estimating the PK parameters

from the Tofts equation in DCE‐MRI studies.13–16 The iterative strate-

gies for producing ML estimates are computer intensive and, because

they estimate up to three PK parameters, can result in parametric esti-

mates with relatively large variances and co‐variances.

Adaptive methods are good candidates for estimating PK parame-

ters of cancer patients in DCE‐MRI studies. Artificial neural networks

(ANNs) can learn from observation data and can reliably capture

complex trends and subtle information.17,18 The speed of processing,

accuracy, and noise adaptability of ANNs have made them well suited

for various applications in the fields of medicine and industry.18–22

This study introduces an ANN as a fast and direct estimator of ve

in cerebral tumors, using an MRI measurement of the longitudinal

relaxation rate change, ΔR1 (R1 = 1/T1), after the injection of an MRI

CA. The ANN was designed to perform the model selection task along

with the estimation of ve for the area where Models 1 and 2 are

rejected and only Model 3 is chosen as the valid model.
2 | EXPERIMENTAL DETAILS

2.1 | Analytical simulation of ΔR1

Using the extended Tofts equation and an averaged arterial input func-

tion (AIF; already constructed by averaging 32 AIFs manually picked

from a different GBM patient pool) (Figure 1), 3470 ΔR1 profiles

(Equations A1‐A3 in appendix) were generated for different models

(10 profiles with no noise for Model 1, 310 profiles with no noise for

Model 2, and 3150 profiles with no noise for Model 3) for a range of

PK parameters (see Table 1).11,23,24 PK parameters vp, K
trans, and ve

were incremented in steps of 1% (for all three models), 0.025 min−1

(for Models 2 and 3), and 0.001% (for Model 3), respectively. In this

study, the fast exchange limit and linearity between CA concentration

and the change in longitudinal tissue relaxation rate, ΔR1 (R1 = 1/T1),

were assumed to be valid for the calculation of ΔR1.
Shorter arrival time, higher and sharper peak, and a smooth expo-

nential wash‐out in ΔR1 profile were considered as the criteria for

selecting the AIFs for each patient. Having chosen these data, the

selected AIF was normalized to the area under the profile of CA

concentration measured from the normal white matter with a plasma
volume of 1%.11 Therefore, the estimated plasma volumes for Models

1, 2, and 3 are based on the assumption that the plasma volume of

white matter is 1%.11,23
2.2 | Noise simulation

Since the random‐like errors of ΔR1(t) can have both positive and neg-

ative values, and are presumably normally distributed, Gaussian noise

was added to all the simulated ΔR1 values (10, 310, and 3150 for

Models 1, 2, and 3 respectively) to generate seven series of ΔR1
profiles for each model with different signal to noise ratios (SNRs: 5,

10, 15, 30, 50, 70, and 90) calculated based on the power of the signal

to the standard deviation of the noise.
2.3 | Feature extraction

Each of the simulated profiles, ΔR1(t), was subtracted and normalized

to the AIF(t) to construct a gain‐insensitive profile. The gain‐insensitive

profile was divided into 12 segments and the mean of each segment

was used as the input feature to the ANN. Equation 2 represents the

component of the feature vector (μ, n = 1 to 12) used as the input

vector for training an ANN with a feed‐forward multi‐layer perceptron

(MLP) architecture:

μn ¼
12
N

∑
nN
12

k¼ n−1ð ÞN
12 þ1

AIF kð Þ−ΔR1 kð Þ½ �
AIF kð Þ : (2)

In this equation, N and n refer to the maximum number of time

points in the DCE‐MR experiment, and the segment number,

respectively.
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2.4 | ANNs

ANNs are models that are inspired by biological neural networks.

ANNs are composed of multiple interconnected nodes (neurons) in

an input layer, hidden layers, and an output layer.25 Usually a sigmoid

function is used as the internal activation function between the

neurons. The ANNs are able to adaptively learn from an existing pat-

tern or relationship in the data that are fed to their input and output

layers.25

In this study, an MLP ANN with three layers was used to estimate

the EES of tissue in DCE‐MRI studies. The ANNwas trained in a super-

vised mode using a back propagation Levenberg–Marquardt learning

algorithm.
2.5 | ANN training, optimization, and validation

The K‐fold cross‐validation (KFCV) method26,27 was employed for

training, testing, and network optimization.18,19,28 In KFCV, the data

are divided randomly into K subsets; then K − 1 subsets are used for

training, and one remaining subset is used for testing the network.

The process of training and testing is repeated K times to ensure that

all K (K = 25) subsets contribute to training and testing of the ANN.

To have a more uniform sampling distribution in each repetition and

reduce the variance of the cross‐validation technique, the KFCV was

repeated 10 times. For each repetition, the entire training data were

randomly split into 25 sets with 1008 samples in each set for training

and cross‐validation steps. To avoid both under‐fitting and over‐fitting

the ANN, the number of layers, and also the number of neurons in each

layer, was optimized. In this study the least complicated possible struc-

ture was found for the ANN. The ANN was constructed from three

layers (only one hidden layer), and the average correct classification

fraction (CCF) at different epochs for K omitted subsets was calcu-

lated. The ANN was optimized for its hidden neurons by maximizing

the area under correct classification fraction (AUCCF) curve.18–20 The

optimal architecture for this ANN was found to be 12:6:1. The epoch

corresponding to 10% of the plateau of the optimum architecture

was taken to be the stopping epoch (Epoch 1117).
2.6 | ANN for model selection

The ANN was trained using three different nested versions of the

Tofts equations (see Equations A1‐A3 in appendix) for addressing

the selection of Model 3 in addition to the estimation of ve. Since

the ANN is trained based on the feature trend, if the shape of the

feature set does not follow the shape and trend of the feature set

constructed on the basis of Model 3 (which is the only state that

ve can be calculated from), the ANN does not provide any estimation

(rejection of Model 3). Therefore, the ANN approach performs only

Model 3 selection (not performing a full model selection), as well as

estimating the ve value for the voxels classified as Model 3.
FIGURE 2 Variation of 12 components for three different feature
vectors averaged over three different ranges of ve
2.7 | Error and variance calculation for the trained
ANN and the maximum likelihood estimation (MLE)

In order to estimate the mean percentage error (MPE) and variance of

the trained ANN and MLE, in addition to the simulated profiles in the
training set, a new set of ΔR1 profiles for Model 3 was generated (10

times) at different SNRs (SNRs 6, 8, 12, 16, 20, 25, 35, 45, 60, 80,

100, and no noise). Both the trained ANN and the MLE were applied

to the simulated profiles and the MPE and variance of each method

at the varying SNRs were calculated and compared using Equations A4

and A5.

In order to quantify the accuracy of the trained ANN and to com-

pare its performance with the MLE technique, a paired two‐tailed Z

test with level of significance of 0.0529 was recruited. Next, a Z score

was calculated to measure the deviation of the estimated ve from its

desired value. Levene's test30 was performed to check the validity of

the homoscedasticity assumption by which the homogeneity of vari-

ance was confirmed prior to choosing the Z test. A separate Z test

was performed for the ANN and MLE estimates at each SNR (SNRs

5, 10, 15, 30, 50, 70, 90, and no noise), and using the ZStouffer

method,31 all the Z scores were combined to measure the overall mean

deviation of each estimator.
2.8 | DCE‐MRI and patient population

To test the stability and accuracy of the trained ANN in estimating the

ve from experimental data, DCE‐MRI studies of 26 patients with GBM

tumors were studied. For all the patients, DCE‐T1 studies were

acquired using a 3 T GE Excite HD MR system (GE Healthcare,

Waukesha,WI, USA). T1mappingwith variable flip anglewas performed

using DESPOT1 before the administration of CA (Magnevist). The MRI

parameters were as follows: TE/TR ~ 0.84/5.8 ms, flip angles, θ, of 2, 5,

10, 15, 20, and 25°, matrix of 256 × 256, FOV 240 mm2, 16 slices of

5 mm, no gap. The maps of T1 were used to establish baseline pre‐con-

trast values for the dynamic SPGRE procedure that followed. The 3D

SPGREDCE‐T1 sequencewas then begun,with 70 image sets and a time

resolution of 5.035 s, employing a 20° flip angle and other parameters as

above,11 and theΔR1 profilewas constructed from thedynamic data and

native T1.
11 Using Equation 2 for each voxel, a set of features was

extracted and used as the input to the trained ANN. An MLE technique

was applied on the sameDCE‐MRI data for estimation of PKparameters

and the log‐likelihood ratio (LLR)32 (confidence level 95% and degree of

freedom 1) was used for model selection. The trained ANN results were
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then comparedwith theMLE. A Jaccard index (JI)33was calculated for all

the patients tomeasure the similarity of themodels chosen by theMLE‐

LLR and the trained ANN.
3 | RESULTS

Figure 2 shows three different feature vectors averaged over three dif-

ferent ranges of ve. As shown in this figure, the feature components

are well separated for different ve values and also show different sen-

sitivities across the range of ve that make them ideal for training the

ANN. As shown in this figure, the first components of the 12 features

for the three selected ranges of ve are very close together, but they are

not exactly the same. Keeping this component as the input feature to

the ANN helps the ANN to use it as the reference or calibration point

in order to compare the rest of the features with it. This first
component is related to the first part of the signals before the CA peak,

thus the values of ΔR1 and AIF are close together and the first compo-

nent, which is calculated from the subtraction of ΔR1 and AIF and then

normalized to the AIF, is almost the same for different ranges of ve.

Figure 3A shows the CCF of the optimal ANN (12:6:1, 12 neurons in

its input layer, six neurons in its hidden layer, and one neuron in its out-

put layer) at different epochs. As shown in this figure, the optimal

epoch (1117), which is the epoch at 10% of the CCF plateau, repre-

sents the termination epoch for training the ANN. The AUCCF

(=0.82), which is proportional to the area under the receiver operating

characteristic, shows the performance (82%) of the optimal ANN. The

performance of the ANN estimator is calculated at a resolution of 10%

(error of ±5) using the KFCV method. The performance or estimation

power of the trained ANN with estimation resolution of 10% (±5%)

was 82%. In the other words, there is an 18% chance of failure for

the trained ANN to provide a correct estimate of ve when it is applied
FIGURE 3 A, CCF of the ANN at different
epochs. The optimal epoch (1117), which is
the epoch at 10% of the CCF plateau,
represents the termination epoch for training
the ANN. B, Variation of AUCCF versus
different structures of the ANN. The ANN
with six neurons in its only hidden layer shows
the highest performance and is considered the
optimal ANN



FIGURE 4 A, MPE of the trained ANN and
MLE over the simulated ΔR1 profiles (training
set) at different SNRs: 5, 10, 15, 30, 50, 70, 90,
and no noise for the training set. B, MPE of the
trained ANN and MLE over the simulated ΔR1
profiles at different SNRs: 6, 8, 12, 16, 20, 25,
35, 45, 60, 80, 100, and no noise

FIGURE 5 The variance of the ve estimation for the MLE and the
trained ANN at different SNRs. As shown in this figure, the trained
ANN has lower or comparable variances compared with the MLE,
particularly at low SNRs
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on a new dataset. Thus, the trained ANN has the generalizing error of

0.18. Figure 3B shows the AUCCF value for different structures of the

ANN. As shown in this figure, the ANN with six neurons in its one hid-

den layer shows the highest performance and is chosen as the optimal

ANN. To compare and evaluate the ANN and MLE performances with

a dataset that was not used in the ANN training phase, a new set with

different SNR levels was generated and used to test the MPE and

variance of the ANN and MLE. Figure 4 shows the MPE of the trained

ANN and MLE over two different sets of simulated ΔR1 profiles (train-

ing set and new set) with different SNRs: 5, 10, 15, 30, 50, 70, 90, and

no noise for the training set, and 6, 8, 12, 16, 20, 25, 35, 45, 60, 80,

100, and no noise for the new set. As shown in this figure, differences

between the ve estimated using the trained ANN and its true values are

not significant, even at low SNRs (MPE of 2.75% and 2% for SNRs of 5

and 6 respectively). This figure demonstrates that, except for the

noiseless data, the MLE performance (MPE ~ 5.5% for SNRs 5 and 6)

for estimation of ve at different levels of SNRs is inferior compared

with the ANN. Results imply that the trained ANN and the MLE both

reliably estimate the ve across the range of SNRs that might be

encountered in practice, but the trained ANN outperforms the MLE
at the low SNRs. Levene's test (using the median method) resulted in

acceptance of the null hypothesis with the p value of 0.98 and 1.00

for the ANN and MLE respectively. Such a high p value confirmed
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the assumption of “homogeneity of variance” being valid for two

estimators. The combined ZStouffers (combination of calculated Z

scores in each SNR) for the ANN and MLE techniques were 1.03

and 2.34. Figure 5 shows the variance of the MLE and the trained

ANN at different SNRs. As shown in this figure, the trained ANN

has smaller variance compared with the MLE, particularly at low

SNRs. Figure 6 shows the Model 3 choice map and the ve estimated

using the ANN and the MLE for four exemplary slices of the brain

chosen from four different GBM patients. As shown in this figure,

the Model 3 areas (white zones in the first column) chosen by the

trained ANN are very similar to the Model 3 areas (red zones in the

second column) chosen by the MLE (LLR model selection)11,21,23 in all

four slices. This figure visually confirms the strong agreement

between the trained ANN and the MLE for performing Model 3

selection (Jaccard coefficients: 0.91, 0.99, 0.89, and 0.99) and esti-

mation of the ve (correlation coefficients: r = 0.97, p < 0.0001;

r = 0.97, p < 0.0001; r = 0.81, p < 0.0001; r = 0.89, p < 0.0001) from

DCE‐MR experiment. Despite the ranges of the ve measures esti-

mated using the two methods (MLE and ANN) not being exactly

the same, the strong agreement (correlation coefficient 0.82,
FIGURE 6 This figure shows the ve estimated by the trained ANN and ML
ANN for four exemplary slices of the brain chosen from four different GBM
p < 0.000 01) in the voxel‐wise correlation coefficient calculated

between the two ve maps generated by the two methods implies

that the estimated ve maps have the same level of heterogeneity.

Table 2 shows the mean and standard deviation of the estimated

ve for whole tumor volume in 26 GBM patients. As shown in this

table, there is a strong agreement between the two estimators.

The averaged ve values for the two techniques are

0.2520 ± 0.0001 and 0.2508 ± 0.00013 for the ANN and MLE

respectively. The high correlation coefficient (r = 0.82, p < 0.0001)

between the ve estimated by the trained ANN and the MLE in all

of the 26 patients confirms the agreement between the two

methods. According to the last column of Table 2, the high similarity

index (0.916 ± 0.112) implies that the two techniques (the trained

ANN and LLR) are highly in agreement and the trained ANN robustly

performs Model 3 selection.

The average numbers of operations needed to estimate the ve

value from the time trace of CA concentration using the two methods

were calculated. ANN needs 120 operations to calculate the ve while

the MLE technique needs to perform 470 operations. Thus, the ANN

can estimate the ve at least four times faster than the MLE technique.
E along with the map of Model 3 selected by the LLR and the trained
patients



TABLE 2 Comparison between the ANN and the MLE for 26 GBM patients

ve estimated using
the MLE

ve estimated using the
trained ANN

Correlation coefficient
of the estimated ve

using the trained ANN
and the MLE

JI for the selected
Model 3 using LLR

and the trained ANN
Patient number Mean SD Mean SD r p JI

1 0.2235 0.000 22 0.1938 0.000 16 0.97 <0.000 01 0.91

2 0.2566 0.000 24 0.2398 0.000 19 0.97 <0.000 01 0.60

3 0.3577 0.000 17 0.3848 0.000 12 0.81 <0.000 01 0.89

4 0.3670 0.000 26 0.3224 0.000 17 0.94 <0.000 01 0.72

5 0.3634 0.000 22 0.3323 0.000 16 0.93 <0.000 01 0.96

6 0.2986 0.000 20 0.3106 0.000 16 0.93 <0.000 01 0.89

7 0.2772 0.000 17 0.3182 0.000 15 0.61 0.001 6 0.99

8 0.2914 0.000 11 0.2735 7.91 × 10−5 0.80 <0.000 01 0.999

9 0.2764 7.27 × 10−5 0.2651 5.44 × 10−5 0.97 <0.000 01 0.99

10 0.2574 8.32 × 10−5 0.2636 6.53 × 10−5 0.76 <0.000 01 0.987

11 0.2478 8.72 × 10−5 0.2390 6.33 × 10−5 0.83 <0.000 01 1

12 0.2540 9.57 × 10−5 0.2421 7.03 × 10−5 0.59 0.009 9 0.935

13 0.2429 0.000 10 0.2414 7.84 × 10−5 0.67 <0.000 01 0.989

14 0.2124 7.26 × 10−5 0.2105 5.45 × 10−5 0.65 <0.000 01 0.99

15 0.2845 0.000 12 0.2563 8.13 × 10−5 0.83 <0.000 01 0.99

16 0.2356 9.86 × 10−5 0.2255 6.87 × 10−5 0.81 <0.000 01 0.998

17 0.2861 8.14 × 10−5 0.2696 5.68 × 10−5 0.92 <0.000 01 0.99

18 0.2314 3.29 × 10−5 0.2603 2.85 × 10−5 0.89 <0.000 01 0.988

19 0.1916 5.65 × 10−5 0.1968 4.29 × 10−5 0.80 <0.000 01 0.994

20 0.2562 0.000 17 0.2796 0.00014 0.86 <0.000 01 0.70

21 0.1805 0.000 11 0.2277 9.40 × 10−5 0.87 <0.000 01 0.86

22 0.1952 9.72 × 10−5 0.2288 8.40 × 10−5 0.61 <0.000 01 0.67

23 0.1765 0.000 11 0.1861 8.54 × 10−5 0.88 <0.000 01 0.937

24 0.1729 0.000 13 0.1784 9.82 × 10−5 0.77 <0.000 01 0.96

25 0.1797 0.000 14 0.1885 0.000 11 0.80 <0.000 01 0.97

26 0.2044 0.000 28 0.2193 0.000 25 0.90 <0.000 01 0.927

Mean ± SD 0.2508 ± 0.000 136 0.2520 ± 0.0001 0.82 <0.000 01 0.916±0.112
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4 | DISCUSSION AND CONCLUSION

The EES provides valuable information regarding the tumor cellularity

that can be used in tumor grading and quantification of proliferative

activity of tumors.1–5 The rapid achievement of accurate estimation

of physiological parameters (including EES) derived from noninvasive

imaging techniques such as DCE‐MRI is very useful and interesting in

clinical treatment. This study introduces an adaptive model as a fast

and direct estimator for predicting EES from DCE‐MRI data. Since

selecting a correct PK model is key to correct data analysis, which is

absent from most of the conventional DCE‐MR data analysis methods,

and characterization of underlying pathology, the adaptive model pro-

posed in this study addresses the problem of model selection in DCE‐

MRI studies. The suggested ANN was trained to reject data where

Model 1 and 2 are selected, and only estimate the ve when Model 3

is the preferred model. Thus, the proposed ANN is superior compared

with current conventional methods due to its automated selection of

the appropriate region in which ve can be estimated. The designed

ANN is a dedicated estimator for estimation of EES, as opposed to
such computational methods as MLE, where it is required to first esti-

mate other PK parameters (kep, K
trans, and vp) before EES is estimated

via the relationship ve = Ktrans/kep. Since the errors of these parametric

estimates will be covariant, a dedicated estimator for one parameter

has the advantage of an intrinsically lower variance. In addition, a

well‐trained ANN such as that introduced in this study can diminish

the intensive computational process (Including finding an appropriate

model to fit to the experimental data and estimation of its unknown

parameters) in iterative approaches such as MLE, with a consequent

map of ve within seconds of data acquisition. In this study, the

perfected ANN was trained in the presence of varied SNRs; therefore,

it is less sensitive to noise in comparison with computational statistical

methods such as MLE.22

Compared with the MLE, the trained ANN estimates higher ve

measures in large vessels This is more acceptable due to the fact

that in large vessels the forward transfer constant (Ktrans) and back-

ward transfer constant (kep) are very close and their ratio becomes

greater (close to unity). The results indicate that the trained ANN

outperforms the MLE technique in speed and accuracy. The ANN
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performs at least four times faster than the MLE technique, which is

known as one of the fastest optimization techniques. Since the ANN

estimator only estimates one PK parameter (ve), and considering that

the variance and covariance of the estimates are low, the ANN esti-

mator performs more comparably to minimum variance unbiased

estimators.

The ANN is only sensitive to the variation of its input features.

One of the advantages of such an estimator is that it is unaffected

by the absolute extent of the slope (kep and Ktrans strongly affect the

slope) of the ΔR1 profile, while it is sensitive to the change in the ratio

of the profiles that are made up of the two transfer constants (kep and

Ktrans). Therefore, the ANN estimator can be reliably trained with a set

of features constructed and properly sampled from ve values. In the

simulation phase of this study, we have chosen the values of the two

transfer constants and the plasma volume in such a way that they

are in agreement with the possible values reported by the literature

while they allowed us to widely (a little wider than the most reported

values of typical EES fractional volumes in vivo measured in tumors,

which are between 20% and 50%10) sample the ve values (from 1%

to 70%), to cover a reasonable range of ve reported in the litera-

ture.10–12 In this study, to properly sample the ve (Ktrans/kep) value,

the ranges of Ktrans and kep were chosen to be limited to [0.01 to

0.51 min−1] and [0.03 to 0.73 min−1], which is in agreement with the

transfer constant values reported by the literature.12,24

Given the particular AIF used in this study, results (the averaged ve

values in the tumor region were 0.2520 ± 0.0001 and

0.2508 ± 0.00013 and the combined ZStouffers values calculated from

combination of all Z scores in each SNR were 1.03 and 2.34 for the

ANN and MLE techniques respectively) confirmed that the MLE and

ANN both arrive at approximately the same estimates for ve. However,

further investigations would be required to identify and describe the

stability of both MLE and ANN parametric estimates when the choice

of AIF is varied. Given the DCE dataset, the results obtained in this

pilot study only pertain to GBM clinical data and may not be pertinent

to tumors in other organs. More investigation is needed to test the

efficiency of the proposed ANN for estimating ve in different types

of tumor.

In conclusion, compared with the conventional estimators, the

adaptive estimator proposed in this study is less vulnerable to experi-

mental noise because its input feature components suppress the prop-

agation of random noise into the estimator, which allows us to

construct a gain‐ and noise‐insensitive adaptive estimator with high

accuracy and speed. In addition, the results of applying the ANN to

the real data of GBM patients show that this adaptive estimator can

be accurately employed in clinical application for rapid and accurate

estimation of ve.
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APPENDIX

A. | Three physiologically nested models derived from Tofts

equation.11,12

Assume Ktrans and kep = 0 for Model 1:

1−Hctð ÞΔR1t tð Þ ¼ vp ΔR1a tð Þ: (A1)

Assume Ktrans nonzero, kep = 0 for Model 2:

1−Hctð ÞΔR1t tð Þ ¼ Ktrans∫
t
0ΔR1a τð Þdτ þ vp ΔR1a tð Þ: (A2)

Both Ktrans and kep are nonzero for Model 3:

1−Hctð ÞΔR1t tð Þ ¼ Ktrans∫
t
0e

−kep t−τð ÞΔR1a τð Þdτ þ vp ΔR1a tð Þ: (A3)
In these equations, Hct refers to the hematocrit ratio while ΔR1a
and ΔR1t are the longitudinal relaxation rate changes of all protons in

the feeding artery and the tissue respectively.

Equations for MPE and variance calculation.

MPESNR ¼ 1
N
∑N
i¼1 1−

EveiSNR
SveiSNR

 !
×100 (A4)

VarSNR ¼ 1
N
∑N
i¼1

1
M

∑M
k¼1 Eve

i;k
SNR−Eve

i
SNR

� �2� �
: (A5)

In Equations A4 and A5,M and N refer to the number of times that

the profile set was generated at the specified SNR and the number of

profiles in each set respectively. EveiSNR and SveiSNR are the estimated ve

and the source of truth for ve respectively.
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